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Introduction 57
Phytoplankton organisms form the base of aquatic food webs and have a wide range of 58 photosynthetic and photoprotective pigments, which are of great interest as markers to identify 59 species in freshwater and seawater environmental samples representing different phytoplankton 60 communities [1] . Currently, several methods are used to determine phytoplankton community 61 structure, including microscopy, flow cytometry, spectrofluorometry, fluorescent spectroscopy, 62 and pigments analysis by high-performance liquid chromatography (HPLC) [2] . The microscopy 63 approach is laborious, time-consuming, and reproducibility among different research groups can 64 be low [3] . The measurement of fluorescence spectra was extensively developed for 65 characterizing phytoplankton taxa starting the 1970s [1, [4] [5] [6] [7] [8] [9] . During the past decade, multi-66 channel fluorometers and scanning spectrofluorometers were applied to evaluate phytoplankton 67 composition by measuring excitation spectra of chlorophyll a (Chl a) and accessory pigments 68 fluorescence at multiple wavelengths and creating excitation-emission matrices [10] [11] [12] [13] . In vivo 69 fluorescence methods are widely used for characterization of the phytoplankton communities, 70 but numerous attempts to achieve a taxonomic identification of the algae taxa there remains 71 problematic [6, 9] . Measurements of fluorescence of phytoplankton communities are affected by 72 variable biomass concentrations and therefore a varying contribution in autofluorescence signal 73 of different microalgae subpopulations as well as inter-and intra-species pigment composition 74 variability [14] . Till now a spectral analysis of phytoplankton communities based on spectra of 75 averaged algal samples and can overlook a contribution of a small algal population such as 76 cryptophytes presented in environmental samples, and also fluorescent signal might have 77 admixture from other sources such as colored chromophoric water-dissolved organic matter and 78 detrital pigment [15] [16] . So far, any spectral approach based on averaged spectral data does not 79 allow an actual separation of microalgae taxa contributing < 20% of the biomass in 80 heterogeneous algal population.
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The critical advantage of spectral flow cytometry (SFC) is that a measurement of complete 82 spectrum happens from single cells with rates of hundreds and thousands of events per sec [17-83 19]. Moreover, SFC analysis makes possible additional differentiation of heterogeneous algal 84 mixtures by size and granularity in the manner similar to conventional flow cytometry (FCM) 85 [17, 20] . The emission spectrum information for every single cell can be combined with light 86 scattering data through sequential gating on combinations of standard dot plots and histograms.
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Using SFC advantages we developed a novel "virtual filtering" approach (SFC-VF) based on 88 analysis of variable spectral emission regions in combination with light scattering-related 89 separation of algal populations based on algae cellular size and granularity. We applied SFC-VF 90 to differentiate and characterize different microalgae taxa in binary and multi-component 91 mixtures as well as natural environmental microalgae assemblages and were able: (1) to 92 distinguish of microalgal cells from phytoplankton taxa with a similar combination of pigments; (Fig. 2C, left) , channels 160 31-32 (488 nm excitation) and channels V1-CH9 (405 nm excitation) ( Fig. 2C, middle) , and in 161 channel 32 (488 nm excitation) and channels 4-15 (405 nm excitation) ( Fig. 2C, right) were 162 selected to achieve the best discrimination of the two cell populations. (Fig. 2D, step 1) . The rest of the mixture was gated and 189 projected onto CH4-15 (405 nm excitation) versus CH32 (488 nm excitation) dot plot to 190 discriminate the cell population of Aphanizomenon sp. (Fig. 2D, step 2) . Consequently, the 191 unidentified population was gated and visualized on combination of CH24-28 and CH30 (488 192 nm excitation) filters to detach the last two populations of D. divergens and Chlorella sp. with 193 very similar spectral profiles ( Fig. 2D, step 3) . Flow cytometry and spectral data were collected for at least 50,000 events for each sample and 201 were plotted logarithmically and summarized in two-dimensional dot plots and spectrum plots. USA, 405 nm and 488 nm excitation) and spectrofluorometer ( Fig. 1A right , B) , however, 
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In SFC-VF approach, firstly, a sensitivity of chlorophyll-associated channels (CH24-30) 226 captured on the SP6800 was switched to the minimal level. Then, the non-chlorophyll based 227 spectral differences (from accessory pigments) in 420-650 nm wavelength range became 228 prominent enabling better discrimination of algal strains (Fig. 1C) . Further SFC analysis of algal 229 cultures was continued with the reduced intensity of these channels.
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Mixtures of algal cultures were analyzed in a pairwise manner generating ten different 231 combinations. Initially, several variants of matrix of fluorescent channels corresponding to 232 virtual filters capturing the algal spectra variability regions were created. We then selected a 233 combination of fluorescent channels (virtual filter) that provides the best separation of two cell 234 populations by dot plot. The spectra of the discriminated populations were further validated with 235 the spectra of single algal culture controls (Fig. 1B) . Furthermore, all five algal strains were 236 mixed and analyzed using the spectral flow cytometry analyzer. To discriminate all algal taxa, 237 we used a sequential gating and a combination of fluorescent channels based on virtual filters, 238 previously selected for pairwise culture analysis (Fig. 1C; 2A,B,C) . Consequently, the debri and 239 fluorescent organic matter were excluded based on forward scatter/side scatter plot. Then, C. sp. According to PCA results, better discrimination of algal populations was achieved using 405 252 nm excitation spectral data ( Fig. 2A,B,C) . PCA scores plot showed statistically significant 253 differences between mixed algal cultures with the first principal components capturing 78% of 254 data variation (Fig. 2Ei) . Moreover, it allows the separation of C. pyrenoidifera population into 255 two subpopulations associated with the cell heterogeneity within the culture (Fig. 2Ei) . When populations is observed (Fig. 2Eiii) . However, a poor differentiation of algal populations was 259 observed when PCA was performed on spectral data of a physical mixture of all 5 strains (Fig.  2Eii) . Also, t-SNE cluster analysis provided less clear discrimination of microalgae 261 subpopulations (Supporting Fig. 1 In the next approach we tested whether a particular microalgae type or species can be traced in or Weighted Least Square Method (WLSM). We applied both spectral unmixing algorithms to 290 algal mixtures (data not shown). However, a spreading spillover from prominent Chl a led to 291 insufficient resolution of different microalgae taxa. The SFC-VF approach [20, 24] allows the 292 creation of "virtual bandpass filters" with no hardware modification and without spectral 293 unmixing. As a result, it was possible to narrow or to widen spectral signal that is taken into 294 consideration from ~10 nm to ~300 nm bandwidth (for SP6800 instrument) and to achieve 295 significant discrimination of algal populations.
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Here we analyzed representatives of 5 major groups of microalgae, namely (1) Cyclotella 
